Non-coding DNA segments that are conserved between the human and mouse genomic sequence are good indicators of possible regulatory sequences. Here we report on a systematic approach to delineate such conserved elements from upstream regions of orthologous gene pairs from man and mouse. We focus on orthologous genes in order to maximize our chances to find functionally similar regulatory elements. The identification of conserved elements is effected using the Waterman-Eggert local suboptimal alignment algorithm. We have modified an implementation of this algorithm such that it integrates the determination of statistical significance for the local suboptimal alignments. This has the effect of outputting a dynamically determined number of suboptimal alignments that are deemed statistically significant. Comparison with experimentally determined annotation shows a striking enrichement of regulatory sites among the conserved regions. Furthermore, the conserved regions tend to cover the promotor region described in the EPD database. Contact: martin.vingron@molgen.mpg.de INTRODUCTION It has been known for a long time that there is considerable sequence conservation between man and mouse also in non-coding regions of the genome. Several papers have associated such conserved regions with regulatory sites (see Hardison (2000) for review) and generally the assumption seems valid that evolutionary conservation of non-coding DNA sequence is due to a conservation of transcription factor binding sites.
INTRODUCTION
It has been known for a long time that there is considerable sequence conservation between man and mouse also in non-coding regions of the genome. Several papers have associated such conserved regions with regulatory sites (see Hardison (2000) for review) and generally the assumption seems valid that evolutionary conservation of non-coding DNA sequence is due to a conservation of transcription factor binding sites.
With the data for a comparative genomics approach only scarcely available, statistical approaches to pattern recognition have constituted the focus of attention for a long time, mostly for the prediction of polymerase II promotor regions. These methods are largely based on classification or learning methods. In particular, strong indicators for promotors are CpG islands (Pedersen et al., 1999) , possibly coupled with matches to weight matrices for particular transcription factors (Bucher, 1990) . Recent methods that explicitely or implicitly derive and apply classification methods are Scherf et al. (2000) and Davuluri et al. (2001) . One of the prime sources of data for design of these learning methods is the Eukaryotic Promotor Database (Praz et al., 2002) which compiles experimentally determined promotor regions.
Now that in particular the complete genome sequences of man and mouse are (nearly) finished this data can be utilized for a comparative genomics approach to the identification of regulatory elements. In contrast to the statistical methods, the comparative genomics approach relies on the evolutionary conservation of a non-coding sequence. A prerequisite for the recognition of meaningful regulatory regions, however, is the difference in the degree of sequence conservation between regions under selective pressure and neutrally diverging regions. Comparing man and mouse, the upstream regions of many genes display a marked contrast between conserved elements, on the one hand, and otherwise a lack of recognizable conservation. This situation is ideal for utilizing the comparative genomics approach to the delineation of candidate regulatory regions. There are, however, also upstream regions which either show no conservation at all, or which display high sequence similarity over long DNA stretches which rather lets one search for alternative explanations for this conservation.
Several authors have studied promotor regions taking the comparative approach. An early paper on conservation of non-coding sequence is Duret et al. (1993) . In the work of Loots et al. (2000) cross-species sequence comparison of orthologous loci in man and mouse led to the discovery of ninety regions with identity greater than or equal to 70% over at least 100 base pairs. Intriguingly, it could be shown experimentally that the largest of these elements acts as a coordinate regulator of three genes, interleukin-4, interleukin-13, and interleukin-5. Furthermore, Goettgens et al. (2000) chose a comparative approach to detect enhancer sites in the SCL locus. Sequences of three species (man, mouse, and chicken) were used to scan successfully for previously unknown enhancer elements. Another study by Flint et al. (2001) demonstrated the benefits of gapped alignments in detecting conserved cis-acting sequence elements. These elements could not be found by applying the previously mentioned definition of Loots et al. (2000) . Jareborg et al. (1999) delineated upstream conservation in 77 orthologous human and mouse genes using their own DNA block aligner program. In a similar analysis, Levy et al. (2001) focus on disease-related genes extracted from OMIM (Hamosh et al., 2002) . These authors could analyze around 500 genes, at the time using sequence reads as opposed to an assembly for mouse. They applied BLASTN for comparing non-coding regions and applied a cut-off of 70% over at least 50 bp.
Here we report on our approach to systematically delineate conserved and thus hopefully regulatory elements from upstream regions of thousands of orthologous gene pairs from man and mouse. At this scale, the conserved elements yield meaningful annotation to the genome data. We focus on orthologous genes in order to maximize our chances to find functionally similar regulatory elements. Experimentally determined promotors from the EPD database (Praz et al., 2002) and the distance from their respective genes are used to estimate the amount of upstream sequence that should be inspected. The identification of conserved elements is effected using the Waterman-Eggert local suboptimal alignment algorithm. We have modified an implementation of this algorithm such that it integrates the determination of statistical significance for the local suboptimal alignments. This has the effect of outputting a dynamically determined number of suboptimal alignments that are deemed statistically significant.
The notion of 'upstream region' might cause some confusion in the context of our approach. Typically though not exclusively, we expect conserved regulatory regions to appear in the vicinity of the promotor of a gene. Since we seldom know the precise location of the start of transcription, our decision is to compare the sequence regions upstream of the start of translation from orthologous man and mouse genes. For the sake of brevity we will call this an upstream region. Of course, we are very generous in defining the extent of this upstream sequence such that we can be confident that it will encompass the start of transcription and the promotor. Also, we are taking a strictly conservative attitude in that we do not aim at identifying each and every regulatory region that one might know of but much rather we want to establish a processing pipeline, that yields highly likely regulatory regions while maintaining a reasonably small number of false positive predictions.
METHODS

Pairs of orthologous genes from man and mouse
The prime source for information about orthologous gene pairs is HomoloGene (Wheeler et al., 2001) . HomoloGene is a homology resource which includes both curated and calculated orthologs and homologs for nucleotide sequences represented in UniGene and LocusLink. Our source for genomic DNA is the ensembl database (Hubbard et al., 2002) . Unfortunately, not all genes contained in the ensembl annotation have corresponding entries in HomoloGene. For this reason, we chose to recompute the pairs of orthologs ourselves, starting from the ensembl peptide dump. Predicted proteins for man and mouse genes were taken from ensembl release 3.26.1 for man and release 3.1.1 for mouse. For man this amounted to 34 019 proteins, while for mouse there were 20 652 proteins predicted. These numbers include splicing isoforms. The determination of orthologous pairs was effected following Tatusov et al. (1997) , i.e. we computed the pairwise best BLAST (Altschul et al., 1997) hits. This resulted in 10 331 groups of orthologous genes. Since for our purposes we prefer an unambigous definition of the region upstream the start of translation, we restricted ourselves to a subset of 8922 pairs that contained exactly one protein sequence in man and mouse, respectively. These data are going to be updated with future improved freezes of the mouse genome.
Estimation of size of upstream region to inspect
In mammals the distance between the promotor region and the start of translation may be huge. For the purpose of identifying regulatory sites from comparative analysis, it is important to use a sufficiently generous sequence region in which to look for conserved elements. To estimate how far upstream of the coding sequence one needs to extend, we mapped the promotor regions from the EPD data base (Praz et al., 2002) onto the genomic sequence. EPD contains experimentally determined promotor regions. Out of approximately 270 human promotors we could unambigously locate 219 in the human genomic sequence. 11 of these were more than 10 kb upstream of the start of translation of their respective gene. For the other 208 promotors Figure 1 shows the histogram of the distances between EPD promotors and the start-of-translation sites for their respective genes. The choice of 10 kb not only covers most of the cases we could study but the figure also demonstrates that the large majority of promotors is located much closer to the start of translation. The selection of promotors from EPD as being experimentally accessible may, to a certain degree, positively bias this picture, though. Further preprocessing steps for these upstream regions included masking of repeats (using the repeatmasker program Smit and Green (1998) ) and comparing the sequences against the protein database in order to identify coding exons that had been missed in the annotation. For the time being, we only masked sequence regions that likely are coding without actually recomputing the corresponding upstream region. Local suboptimal alignments There are several programs available to detect local similarities with gaps between two sequences (e.g. Bayesian Block Aligner (Zhu and Lawrence, 1998) , DNA Block Aligner Jareborg et al. (1999) ). In our context we require an algorithm that identifies local alignments and (i) is fast enough to execute on thousand of pairs of upstream regions, and (ii) allows for assessing the statistical signficance of the computed aligments. For this reason we chose the WatermanEggert algorithm (Waterman and Eggert, 1987) for which Waterman and Vingron (1994) developed the necessary statistical theory to assess the significance of a local suboptimal alginment. Statistical theory combined with simulation allows to determine for a given suboptimal alignment its p-value. We implemented an addition to the sim program (the space-efficient implementation of the Waterman-Eggert algorithm developed by Huang and Miller (1991) ) that allows to compute suboptimal alignments of decreasing score while watching their pvalue and stopping at a given threshold. To select the statistical parameters necessary for this computation we run simulations on the very upstream regions that are to be compared, although after eliminating repeats using repeat masker (Smit and Green, 1998) .
Alignments are computed using a DNA scoring matrix based on a Kimura model and normalized to a distance of 1 PAM (States et al., 1991) . This results in a match score of 199 in relation to a mismatch score of 2189. The gap open penalty was set to 2189, while the extension gap penalty was 99.5. This choice is a compromise between sensitivity with respect to the conserved regions that should be identified, on the one hand, and the necessity to maintain a logarithmic regime (Waterman and Vingron, 1994) in order to assess the statistical significance of an alignment.
Utilizing the Waterman-Eggert algorithm has several advantages over alternative methods. The Bayesian Block Aligner (Zhu and Lawrence, 1998 ) is a very sensitive program to identify patterns among sequences. For two sequences, however, we found it to be only slightly superior to the Waterman-Eggert algorithm in terms of sensitivity while being much slower. On the other hand, the Waterman-Eggert algorithm allows for finding alignments with gaps and thus can be more sensitive than fast approaches that only look for regions with a given percentage of matches. Furthermore, the possibility to assess the statistical signifiance of the findings is a necessary prerequisite for any large scale application of an algorithm.
RESULTS
Validity of local alignment approach
To establish the validity of locally aligning upstream regions from orthologous pairs of genes, we applied this approach to the experimental binding sites studied by Wasserman et al. (2000) . As an example, we discuss here the upstream region of the muscle-specific creatine kinase from man and mouse (see Figure 2) . From amongst the significant suboptimal alignments, nrs. 1, 5, and 6 fall into the region that was studied in Wasserman et al. (2000) . While the latter two alignments are short and correspond essentially to one binding site each, the top scoring alignment is longer and contains a gap. As shown in Figure 2 it comprises four experimentally determined binding sites.
Alignment of upstream sequences from orthologous genes
The scan of man and mouse ensembl resulted in 8922 ortholgous gene pairs with exactly one gene in man and mouse, respectively. Where possible, we extracted for these genes 10 000 base pairs upstream from the start of translation. The amount of sequence that could be obtained was sometimes smaller due to an unfinished assembly. For each pair, we computed the local alignments with a p-value better than 0.001. Approximately half the orthologous pairs gave no alignment above this threshold, and under the selected parameter values, at all. 4684 pairs of upstream regions, corresponding to 52.5% yielded one or more suboptimal alignments. First experiments showed that use of a more sensitive matrix like a Kimura PAM10 matrix, will produce local alignments in many more pairs. The proportion of upstream sequence that is covered by aligned regions ranges around a mean of 8.5%.
Visual inspection of many of these alignments revealed basically three categories of local alignments. A certain fraction of the gene pairs produces as the top scoring alignment an extremely good alignment that extends over many hundred base pairs. We inspected a sample Wasserman et al. (2000) . The three blocks marked in the upstream regions of the human and mouse genes mark the best, 5th-, and 6th-best local alignment. The latter two contain exactly one binding site identified by Wasserman et al. (2000) . The make-up of the best conserved regions in terms of binding sites is given above.
of these alignments to see whether the region might constitute a missed (first?) exon and this, in fact, appears extremely likely. It is also conceivable, though, that in some cases we are looking at conserved non-coding 5 -UTRs. An example where one observes extensive noncoding upstream similarities are HOX genes. It is well known that the HOX genes are arranged in a highly conserved gene cluster. We observe a coverage of the upstream region by aligned sequence of approximately 45% for these genes.
A second category of alignments extends roughly over 100 to 200 bases, with few gaps embedded and good conservation. These, we speculate to be the regulatory regions that are most promising for further analysis. Lastly, there are very short alignments, usually without gaps and containing almost no mismatches. Of course, the abundance of these alignments depends on the threshold for the statistical significance that was chosen. Figure 3 shows a distribution of the scores of all local alignments that were identified.
It is instructive to study the distribution of significant local alignments with respect to their localization in continuation of the alignment of the translation start sites in two orthologous genes. Typically, i.e. unless one of the upstream regions is incomplete, local alignments around the main diagonal of the comparison matrix would lie in phase with the two genes. In random alignments, aligned regions do not show a preference to cluster around the main diagonal of the comparison matrix ( Figure 5 ). To demonstrate that the set of computed alignments shows a different tendency, Figure 4 depicts a histogram of the start positions of all alignments. An alignment that starts exactly on the main diagonal would contribute to the central bar of the histogram, i.e. the one numbered '0'. To the left and right are the off-diagonal starting points sorted by their distance from the main diagonal. In contrast to the random case, which shows a linear decrease away from '0' (Figure 5 due to the linear shortening of the diagonals from the center to the corners, this histogram shows a marked clustering of alignments around the main diagonal. We interpret this as a sign that we are indeed largely looking at biologically valid alignments as opposed to random similarities.
Human ELK1 promotor as a result of automatic analysis In Lehmann et al. (1999) the promotor of the human human ELK1 gene has been characterized. This gene and its mouse ortholog happen to be part of the 4684 gene pairs 6 . Sketch of the ELK1 promotor as annotated by Lehmann et al. (1999) .
that resulted from the determination of local alignments in orthologous pairs. Lehmann et al. (1999) determined that the first two exons are non-coding while the third exon is 8 Kb downstream and contains the start of translation. The promotor is approximately 9 Kb upstream from the start of translation which still lets it fall within our 10 Kb studied interval. Figure 6 summarizes the information presented in Lehmann et al. (1999) overlaid with the suboptimal alignments. Lehmann et al. (1999) scanned the region for DNA sequence patterns of known binding sites and compiled a list of putative ones. These putative binding sites appear in Figure 6 as dark shaded boxes. Two binding sites in the first intron were experimentally characterized by using electrophoretic mobility shift assays. It could be shown that EGR-1 and SRF interact in vitro with the intronic sequence at +265 and +448, respectively. Since in our analysis pipeline 10 Kb of sequence upstream from the start of translation are extracted, our programs analyzed in particular this promotor region, the first two exons and the first two introns. The top two alignments are located close to the start of translation and some 5000 bps upstream of the start of translation, respectively, and are not shown in Figure 6 . While these regions might be interesting to study we focus on the promotor region. The third best alignment happens to denote exactly the experimentally determined SRE. Four other statistically significant alignments cover different portions of the promotor, in particular overlapping exactly with a postulated CCAAT box. Within the two noncoding exons, a putative internal E-Box is covered by an alignment as well as the splice sites of exon 2. Our findings strongly suggest that the experimentally analysed SRE is conserved in man and mouse. Contrary to that, no significant sequence conservation was observed for the EGR-1 site. Additional conserved regions in these exons hint at the presence of further signals.
Overlap with EPD promotors To further evaluate the performance of annotationg the upstram regions with suboptimal alignments we inspected the overlap between the promotor regions reported in EPD with the significant suboptimal alignments. EPD generally reports a region of around 600 bases comprising 500 bases upstream and 100 bases downstream the start of transcription. For 92 of the genes in our list of studied orthologous pairs there is a human promotor region reported in EPD. However, for 27 of these genes we could not identify the promotor upstream of the coding sequence. This was partly due to problems with the current assembly in that in several cases a promotor maps to a different genomic region than its gene. Still, this left us with 65 genes containing the reported promotor in the upstream sequence that we had extracted. The coverage of these 65 EPD promotors by conserved regions is shown in Figure 7 . The histogram in this figure reports the distribution of the fraction of the EPD promotor that is covered by aligned sequence. On average 20.4% of an EPD promotor are covered by local alignments. Note that the roughly 600 bases length of an EPD promotor region are just an arbitrary length that is intended to generously encompass the actual promotor. The figure also implies that if, e.g. in a particular gene 20% of 600 bases are coverered this amounts to 120 bases. The mean coverage by aligned sequence of the 10000 bases that we chose for analysis is 8.5% amounting to 850 bases. This indicates that, conversely, some 14% of the man-mouse conservation that we delineate can actually be found in the promotor regions. 
DISCUSSION
Comparative genomics is providing the sequence analyst with an enormous wealth of information. Here, we have shown how comparison of non-coding DNA upstream the start of translation can help to home in on regions that might be of regulatory importance. We expect that this increased focus will be of prime importance for future analysis of non-coding DNA and regulatory patterns. Many applications can be envisaged. Firstly, it will be interesting in the future to let the comparative approach and the statistical approach to promotor prediction complement each other. We expect that in many cases statistically predicted promotor regions will be conserved among species. However, it will also be interesting to locate conserved regions that cannot be easily interpreted using promotor prediction programs. To this end, knowledge of transcription factor binding sites as collected in the Transfac database (Heinemeyer et al., 1998) might be a valuable aid. After all, promotor regions are not the only kind of regulatory region but-as in the ELK1 example above-we need to inspect the mRNA as well. In the long run, enhancer regions that might be much farther upstream than the amount of sequence inspected here, might also be located in a systematic manner using comparative genomics.
The focus on particular regions that our analysis is allowing is also expected to help in linking DNA-microarray data to gene regulation. In yeast it is already common practice to search upstream regions of co-expressed genes for common regulatory elements. In mammals this is hindererd by the large amount of sequence data that would need to be searched. The problem lies not so much in the algorithms but in determining the statistical significance of a sequence pattern that is shared among a small number of large stretches of DNA. In fact, patterns of the subtlety as we expect when looking for transcription factor binding sites are likely to be hidden in the noise of such a comparison. In this respect, the focussing that we achieve using the systematic comparative genomics approach is a prerequisite for future work in this area.
Availability The results described are available from ensembl via a DAS server (Dowell et al., 2001) . For directions see http://corg.molgen.mpg.de. At this web site also a direct link to the upstream alignments via ensembl identifiers or HUGO symbols is available.
